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forcing	mechanisms.	 It	 is	 increasingly	 recognized	 that	 the	utility	of	drought	data	
is	 highly	 dependent	 on	 the	 application	 (e.g.,	 agricultural	 monitoring	 versus	 water	









The	NLDAS	was	originally	 conceived	 to	 improve	 short-term	weather	 forecasting	
by	providing	better	land	surface	initial	conditions	for	operational	weather	forecast	









to	reflect	observations	of	 the	water	and	energy	cycles	and	the	uncertainties	 in	 the	
simulations	as	measured	by	the	spread	among	individual	models	(Pan	et	al.,	2003;	









The	 second	 phase	 of	 the	 project	 (NLDAS-2)	 extended	 the	 original	 concept	
(improved	 weather	 forecasting)	 in	 recognition	 of	 the	 value	 of	 the	 NLDAS	 prod-
ucts	 to	 the	 wider	 scientific	 community	 and	 stakeholders	 interested	 in	 hydrologic	
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processes	 and	data.	A	key	part	 of	 this	 impetus	was	 to	provide	water-related	data	
to	 support	 water	 resources	 management,	 energy	 demand	 assessment,	 agricultural	
monitoring,	fire	risk	assessment,	drought	monitoring,	and	flood	prediction.	In	par-
ticular,	the	National	Centers	for	Environmental	Prediction	(NCEP)	Environmental	





















This	 chapter	describes	 the	development	 and	application	of	NLDAS-2	products	















laboration	 from	 several	 groups,	 including	 the	 National	 Aeronautics	 and	 Space	
Administration	(NASA)	Goddard	Space	Flight	Center	(GSFC),	Princeton	University,	

















System	 (CFS)	 and	 Global	 Forecast	 System	 (GFS)	 for	 short-term	 and	 medium-term	



















etation	 classes	 and	 distribution,	 streamflow	 network,	 streamflow	 routing	 model,	




































with	NARR	precipitation	data	used	 in	parts	 of	Canada	 and	Mexico	where	gauge	
density	is	low.	The	daily	data	are	disaggregated	to	hourly	time	steps	using	ground-
based	Doppler	radar	data	and	remote	sensing	data	from	the	NOAA	CPC	Morphing	
Technique	 (CMORPH)	 (Joyce	 et	 al.,	 2004).	 For	 shortwave	 radiation,	 a	 large	 bias	
in	the	NARR	was	removed	by	scaling	it	to	match	the	remote	sensing–based	prod-
uct	of	Pinker	et	al.	(2003),	which	uses	data	from	NOAA	Geostationary	Operational	
Environmental	 Satellites	 (GOES).	 Details	 of	 the	 NLDAS-2	 forcings	 are	 given	 at	
http://www.emc.ncep.noaa.gov/mmb/nldas/LDAS8th/forcing/forcing_narr.shtml.	




As	 the	 full	 terrestrial	 water	 and	 energy	 cycles	 (except	 for	 the	 SAC	 model)	 are	
represented	in	the	NLDAS,	it	 is	possible	to	depict	drought	in	terms	of	any	one	or	
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combination	 of	 hydrologic	 components	 such	 as	 precipitation,	 streamflow,	 and	

































Figure	 10.1	 shows	 soil	 moisture	 percentiles	 averaged	 over	 the	 continental	
United	States	and	regionally	for	the	multi-model	average	(calculated	from	the	four	
NLDAS-2	LSMs).	The	 regions	are	based	on	 the	NWS	RFC	regional	delineations	
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periods	 in	 the	 early	 1980s,	 late	 1980s,	 and	 early	 2000s	 are	 noticeably	 drier	 than	
normal,	with	large	areas	of	drought	within	the	regions	during	these	periods	(shown	
in	Figure	10.3)	based	on	a	20th	percentile	soil	moisture	threshold	for	drought.	The	
peak	 areal	 percentage	 of	 the	 CONUS	 that	 is	 in	 drought	 for	 the	 MME	 is	 54%	 in	
June	1988.	Regionally,	 the	more	humid	eastern	regions	(bottom	graphs)	exhibited	




























































































































Figure	10.4	 shows	 the	 spatial	 extent	and	severity	of	 four	major	drought	events	
in	the	United	States	(1988,	1996,	2002,	and	2007)	as	simulated	by	the	models	and	
the	MME.	The	1988	drought	spanned	the	central	United	States	and	northern	Great	
Plains	 (Lawford,	 1992;	 Trenberth	 and	 Branstator,	 1992)	 and	 had	 the	 largest	 eco-
nomic	impacts	of	any	drought	or	natural	hazard	in	the	United	States,	totaling	∼$39	
billion	 in	 losses	 (Riebsame	et	 al.,	 1991)	 (only	 surpassed	by	Hurricane	Katrina	 in	
total	 economic	 impacts),	 mainly	 because	 of	 its	 geographic	 extent	 over	 regions	 of	
high	agricultural	intensity	(e.g.,	U.S.	Corn	Belt)	and	population	density	(e.g.,	eastern	
United	States).	This	broad	extent	is	well	captured	by	the	four	models,	as	shown	in	
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FIGURE 10.4  (See color insert.)	Snapshots	of	four	major	drought	events	from	June	soil	moisture	percentiles	from	the	MME	and	the	four	models.	
Columns	are	(1)	1988,	(2)	1996,	(3)	2002,	and	(4)	2007.











percentiles	 for	quantifying	drought	 severity.	Nevertheless,	 the	 level	of	 intermodel	



























One	 rationale	 for	 running	 NLDAS-2	 is	 to	 support	 operational	 drought	 monitor-
ing	 and	 seasonal	 drought	 forecasting.	 To	 this	 end,	 the	 NLDAS	 is	 now	 produc-
ing	 real-time	 information	 and	 future	 predictions	 of	 the	 hydrologic	 cycle	 across	
the	 United	 States,	 including	 drought	 monitoring	 products	 and	 seasonal	 drought	
forecasts.	 The	 NLDAS-2	 drought	 monitor	 provides	 daily	 updates	 at	 1–2	 days	
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month	out	 to	9	months	 into	 the	future.	These	products	are	provided	 to	 the	com-
munity	 at	 http://www.emc.ncep.noaa.gov/mmb/nldas/.	 The	 near-real-time	 forcing	
data	and	output	from	the	models	are	available	in	hourly	time	step	in	binary	com-



























in	 how	 anomalies	 propagate	 through	 the	 system.	 Collectively,	 these	 differences	
would	 be	 expected,	 given	 that	 different	 components	 of	 the	 hydrologic	 system	








suite	 of	 models	 and	 data	 products	 to	 form	 the	 NLDAS-2	 seasonal	 hydrologic	
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FIGURE  10.6  (See color insert.)	 Example	 of	 output	 fields	 from	 the	 NLDAS-2	 drought	
monitor	 (http://www.emc.ncep.noaa.gov/mmb/nldas/drought/),	 showing	 anomaly	 data	 for	
the	week	ending	on	December	16,	2010,	 for	 (a)	precipitation	and	multi-model	averages	of	
(b)	evapotranspiration,
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FIGURE 10.6 (continued)  (See color insert.) (c)	runoff,	(d)	streamflow,
(continued)
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FIGURE  10.6  (continued)  (See color insert.) (e)	 soil	 moisture,	 and	 (f)	 snow	 water	
equivalent.
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10.5   INTEGRATION OF NEW REMOTE SENSING DATA 
INTO NLDAS DROUGHT PRODUCTS
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of	challenges	remain,	and	improvements	can	be	made,	including	understanding	the	
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FIGURE 10.8  (See color insert.)	Example	of	seasonal	prediction	of	the	2007	U.S.	drought	
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is	high	spatial	variability	in	meteorological	conditions.	Remotely	sensed	observations	
provide	exceptional	spatial	coverage	at	a	relatively	high	temporal	sampling	interval	































to	a	2%	change	 in	 soil	moisture,	depending	on	 the	microwave	 frequency.	Several	
	satellite-based	microwave	sensors	have	been	used	for	retrieving	soil	moisture,	includ-
ing	the	Tropical	Rainfall	Measurement	Mission	(TRMM)	Microwave	Imager	(TMI)	






greater	depth	(ideally	 the	root	zone)	 than	 the	 top	centimeter.	Soil	moisture	varies	
greatly	vertically,	and	as	a	result,	soil	moisture	conditions	at	a	shallow	soil	depth	may	
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bear	little	resemblance	to	conditions	in	the	total	soil	column.	It	is	challenging	to	use	
soil	moisture	 information	estimated	from	these	satellite-based	systems	 to	 identify	










soil	 moisture	 retrievability	 across	 the	 United	 States	 based	 on	 estimated	 vegetation	
water	content	for	X-	and	L-band	microwave	radiometers.	The	upper	limit	for	X-band	
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Despite	 this	expanded	geographic	coverage,	 retrievals	are	still	not	possible	 in	many	
areas,	particularly	in	the	densely	vegetated	eastern	United	States.
The	spatial	resolution	of	satellite-based	microwave	data,	generally	on	the	order	





















X-band	 radiometers,	 which	 should	 provide	 better	 soil	 moisture	 estimates	 that	 are	
representative	of	deeper	soil	moisture	conditions	(Entekhabi	et	al.,	2008).
Although	there	are	challenges	in	determining	where	soil	moisture	can	be	retrieved	
from	 satellite-based	 microwave	 observations	 and	 how	 to	 interpret	 the	 values,	 the	
potential	 exists	 to	use	 these	data	within	 a	drought	monitoring	 framework	 such	as	
NLDAS-2.	Figure	10.10	compares	soil	moisture	retrievals	 from	AMSR-E	over	 the	























Time	 series	 (Figure	 10.11)	 and	 correlation	 maps	 (Figure	 10.12)	 between	 the	
retrievals	and	 the	models	 indicate	consistency	 in	 the	southwest	United	States	and	
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FIGURE  10.10  (See color insert.)	 (a)	 Dynamic	 range	 (%	 vol.)	 of	 AMSR-E	 daily	 soil	
moisture	 and	 (b–f)	 examples	 of	 monthly	 soil	 moisture	 percentiles	 for	 October	 2007	 for	
(b) AMSR-E,	(c)	Noah,	(d)	Mosaic,	(e)	SAC,	and	(f)	VIC.
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central	 Great	 Plains	 in	 line	 with	 the	 regions	 of	 retrievability	 presented	 in	 Figure	
10.9.	The	correlation	with	Mosaic	in	the	east	is	particularly	strong	despite	the	dense	
vegetation	cover,	which	may	be	related	to	a	decreasing	trend	in	the	AMSR-E	and	
Mosaic	data	 that	may	be	 an	 artifact	 of	 the	 short	 time	period	 (2002–2008)	of	 the	
comparison,	rather	than	any	physical	connection.	The	Mosaic	model	also	possesses	
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FIGURE 10.11 (continued)  (d)	Southern	Plains/Texas	(25°–37°N,	95°–105°W).
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FIGURE  10.12  (See color insert.)	 Correlation	 between	 monthly	 AMSR-E	 and	 LSM	
monthly	soil	moisture	percentiles	for	2002–2008.














This	 book	 describes	 several	 newly	 developed	 remotely	 sensed	 drought	 products,	
many	of	which	can	be	 integrated	 into	 the	NLDAS-2	either	as	 improved	 inputs	or	
assimilated	 signals	 of	 surface	 and	 subsurface	 moisture.	 In	 general,	 each	 of	 the	
drought	 products	 represents	 a	 different	 aspect	 of	 the	 hydrologic	 cycle	 or	 state	 of	
vegetation.	In	some	cases	(e.g.,	soil	moisture	and	total	water	storage),	they	represent	
similar	or	overlapping	quantities	but	provide	complementary	information	that	draws	
















High-quality	 and	 high-resolution	 precipitation	 data	 are	 crucial	 for	 depicting	
the	development	 and	 recovery	of	drought.	Better	 estimates	of	precipitation	 in	 the	
NLDAS	 are	 likely	 to	 lead	 to	 better	 representation	 of	 land	 surface	 hydrology	 and	
drought,	but	this	is	dependent	on	the	region	and	application.	Over	the	United	States,	
the	density	of	ground	observations	of	precipitation	and	other	meteorological	data	









potential	 for	 utilizing	 remote	 sensing–based	 estimates	 of	 precipitation	 to	 provide	
high-resolution	complementary	information	to	existing	products	used	as	input	to	the	
NLDAS	(Chapters	12–15).	In	some	regions,	this	is	likely	the	best	and	sometimes	the	














opy	 to	 soil	 water	 stress.	 TIR	 soil	 moisture	 retrievals	 are	 described	 more	 fully	 in	
Chapter	7,	which	also	elucidates	their	potential	for	drought	monitoring.	Microwave	
(passive	 and	 active)	 and	 TIR	 approaches	 have	 their	 strengths	 and	 limitations	 but	
together	provide	complementary	information.	Many	of	the	issues	described	earlier	
regarding	 microwave-based	 soil	 moisture	 can	 be	 addressed	 with	 TIR	 approaches	
(including	sampling	of	the	root	zone,	skill	in	regions	of	denser	vegetation,	and	higher	
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resolution,	 could	 be	 ingested	 into	 an	 LSM	 that	 possesses	 a	 groundwater	 compo-
nent	 to	 help	 improve	 the	 depiction	 of	 longer-scale	 dynamics	 and	 may	 be	 crucial	



















The	 NLDAS-2	 provides	 a	 temporally	 and	 spatially	 consistent,	 quantitative	 depic-
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FIGURE 10.4 Snapshots of four major drought events from June soil moisture percentiles 
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FIGURE 10.5 Statistics of drought duration and frequency for the four LSMs for 1979–2008 
calculated from monthly soil moisture percentiles. A drought is defined at each grid cell when the 
soil moisture percentile drops below 20%. (a) Total number of droughts, (b) number of short-term 
(1–3 month duration) droughts, (c) number of medium-term (7–12 month duration) droughts, (d) 
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FIGURE 10.6 Example of output fields from the NLDAS-2 drought monitor 
(http://www.emc.ncep.noaa.gov/mmb/nldas/drought/), showing anomaly data for the week 
ending on December 16, 2010, for (a) precipitation and multi-model averages of (b) evapo-
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FIGURE 10.6 (continued) 
May 2010












FIGURE 10.7 Example of seasonal forecasts for May through September 2010, showing 
the likelihood of drought developing or persisting at lead times of 1–6 months. A drought 
is defined as soil moisture deficits below the 20th percentile, and the likelihood is based 
on ensemble forecast distributions. Forecasts are based on three methods: (1) CFS, (2) CPC 
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FIGURE 10.8 Example of seasonal prediction of the 2007 U.S. drought (figure reproduced 
from Luo L. and E.F. Wood, Geophys. Res. Lett., 34, L22702, 2007). Predictions of soil mois-
ture percentiles (%) (left column) were made starting on January 1, 2007, using downscaled 
and bias-corrected CFS seasonal climate forecasts to drive the VIC model, and are compared 
to estimated soil moisture from the real-time drought monitoring (right column). Left column 
shows the mean of the most likely ensemble set (shaded) and their spread (contour). The boxes 
indicate regions where drought was most severe during early 2007.
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FIGURE 10.9 Zones of applicability for microwave remote sensing retrievals of soil mois-
ture based on penetration through vegetation for frequencies in (a) X-band (10.7 GHz) and 
(b) L-band (1.4 GHz). Vegetation is characterized by its vegetation water content (kg m−2). 
Gray shading indicates areas where retrievals of soil moisture are not feasible.
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FIGURE 10.10 (a) Dynamic range (% vol.) of AMSR-E daily soil moisture and (b–f) 
examples of monthly soil moisture percentiles for October 2007 for (b) AMSR-E, (c) Noah, 
(d) Mosaic, (e) SAC, and (f) VIC.
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FIGURE 10.12 Correlation between monthly AMSR-E and LSM monthly soil moisture 
percentiles for 2002–2008.
